Gaussian Graphical Models (GGMs) are extensively used in many research areas, such as genomics, proteomics, neuroimaging, and psychology, to study the partial correlation structure of a set of variables. This structure is visualized by drawing an undirected network, in which the variables constitute the nodes and the partial correlations the edges. In many applications, it makes sense to impose sparsity (i.e., some of the partial correlations are forced to zero) as sparsity is theoretically meaningful and/or because it improves the predictive accuracy of the fitted model. However, as we will show by means of extensive simulations, state-of-the-art estimation approaches for imposing sparsity on GGMs, such as the Graphical lasso, ℓ 1 regularized nodewise regression, and joint sparse regression, fall short because they often yield too many false positives (i.e., partial correlations that are not properly set to zero). In this paper we present a new estimation approach that allows to control the false positive rate better. Our approach consists of two steps: First, we estimate an undirected network using one of the three state-of-the-art estimation approaches. Second, we try to detect the false positives, by flagging the partial correlations that are smaller in absolute value than a given threshold, which is determined through cross-validation; the flagged correlations are set to zero. Applying this new approach to the same simulated data, shows that it indeed performs better. We also illustrate our approach by using it to estimate (1) a gene regulatory network for breast cancer data, (2) a symptom network of patients with a diagnosis within the nonaffective psychotic spectrum and (3) a symptom network of patients with PTSD.
Results
toy example. The toy data consists of n = 100 observations that are sampled from a p = 6-dimensional multivariate Gaussian distribution. We set the covariance matrix of the distribution Σ to:
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The conditional independence structure of this distribution can be represented by a GGM. The corresponding undirected network is shown in Fig. 1 . The six variables X 1 to X 6 form the set of nodes V = {1, 2, 3, 4, 5, 6}. The set of edges E contains all node pairs (i, j) that are connected in the network, implying that X i is conditionally dependent on X j , given all the remaining variables. Thus, variable pairs that do not belong to the edge set are conditionally independent, given all remaining variables. For instance, in this illustration, the network shows an edge between variables X 3 and X 6 . Therefore, these variables are conditionally dependent. However, there is no edge between variables X 1 and X 2 , implying that X 1 and X 2 are conditionally independent.
Because the variables are Gaussian distributed, a variable pair (i, j) is conditionally independent if and only if their partial correlation given the rest of the variables is zero 5 . Let's denote by Γ the partial correlation matrix. The entries ρ ij|V\{i, j} of this matrix are the partial correlations between variables X i and X j , conditioned on the rest of variables. For the toy example the matrix Γ equals:
1 00 0 00 0 45 0 00 0 00 045 0 00 1 00 0 00 0 00 0 00 0 00 0 45 0 00 1 00 0 00 0 45 0 45 0 00 0 00 0 00 1 00 0 00 0 00 0 00 0 00 0 45 0 00 1 00 045 0 45 0 00 0 45 0 00 0 45 1 00 (2) We can now define the neighborhood of each node. The neighborhood of node i consists of all the nodes j that form an edge with node i, implying that the partial correlation of X i and X j differs from zero. In the toy example the neighborhood of node 1 is formed by nodes 3 and 6, while the neighborhood of node 2 is empty.
Since the true edge set of the toy example is sparse, we can estimate it by means of the Glasso, SPACE,  1 regularized nodewise regression (NR) and ridge nodewise regression (Ridge). Unlike Glasso and SPACE which directly estimate the edge structure, NR computes a regression model per node and thus yields two regression weights for each edge. To combine the information in these two weights into one edge, we can consider two variants, NR-AND and NR-OR. The AND rule means that an edge is only included in the model if both regression weights differ from zero, whereas the OR rule is more liberal and selects all edges for which at least one of the regression weights is not set to zero. Ridge estimates the partial correlations by fitting a regression model for each node using an  2 penalty, which shrinks the regression weights towards zero.
For each of the estimation methods, a number of approaches have been put forward to tune the regularization parameter, the details of which are provided in the Methods section. For Glasso we will use 10-fold cross validation using two different loss functions: the first approach aims to minimize the negative log-likelihood function (CV1) and the second approach focuses on the sum of the prediction errors of each node (CV2). Moreover, we will apply two selection rules when using cross-validation: selecting the model that yields the lowest value and applying the one-standard-error-rule (1se) 20 . Additionally, we will consider the Bayesian Information Criterion (BIC) and the Extended Bayesian Information Criterion (EBIC) 21 . To tune the weight of the  1 penalty term in SPACE and NR, we will apply 10-fold CV, its one-standard-error-rule variant, BIC and the finite sample result (FSR) proposed by Meinshausen and Bühlmann 11 . Note that in NR the tuning is performed for each separate regression. To optimize the weight of the  2 penalty term in Ridge we will apply 10-fold CV for each separate regression. We note that this considered set of procedures is not intended to be exhaustive. Yet, the set is sufficient to illustrate the problem of efficiently tuning the penalty weight when there is limited information. Figure 2 shows the GGMs obtained with the nineteen considered approaches (i.e., nineteen combinations of estimation method (Glasso, SPACE, NR-AND, NR-OR and Ridge) and tuning options (CV, CV-1se, BIC, EBIC, FSR). We observe that Glasso-CV1-1se (panel c), NR-AND-FSR (panel o) and NR-OR-FSR (panel s) yield a network that is more sparse than the true network. Applying Glasso-CV1-1se all edges are set to zero. Whereas with NR-AND-FSR the edges (1, 3) and (3, 6) are set to zero, with NR-OR-FSR only the edge (3, 6) is set to zero. The other estimation methods yield networks that contain the true set of edges as well as false positives, with the number of false positives varying from ten (Glasso-CV2, panel d; NR-AND-CV-1se, panel m; Ridge-CV, panel t) to one (SPACE-CV-1se, panel i).
Our PCS procedure aims to remove these false positive edges. The first step of the procedure is to apply one of the nineteen considered approaches. In the second step, we try to single out the false positives by thresholding the entries of the estimated partial correlation matrix. Specifically, only the partial correlations that are larger in absolute value than a given threshold are retained, whereas the others are set to zero and thus removed from the network. The threshold is calibrated by means of 10-fold cross-validation (see Methods section for more information). For the toy example the nineteen computed thresholds range from 0.0001 to 0.283. Figure 3 presents the networks that we obtain by applying these thresholds to the networks in Simulation study with synthetic data. In this section we perform an extensive simulation study to evaluate and compare the performance of the different procedures. We will inspect the results obtained with the nineteen combinations used above and study whether they improve when adding PCS. To this end, we replicated the settings used by Liu et al. 22 , Ravikumar et al. 23 , Rothman et al. 24 and Yuan and Lin 25 .
1. Model 1: 2 neighbor Chain Graph, in which ρ ii|V\{i} = 1 and ρ i, i+1|V\{i, i+1} = ρ i−1, i|V\{i, i−1} = −0.4, and all other edges are set to 0. 2. Model 2: 3 neighbor Chain Graph, in which to 0.3 with probability ρ and to zero otherwise. We set the probability ρ = {0.1, 0.01, 0.001} when p = {20, 60, 200}, respectively. Next, we set the lower triangular elements equal to the corresponding upper triangular elements. To ensure that Σ −1 is positive definite the matrix is transformed as in model 3. Finally, to compute Γ we normalize Σ −1 and we multiply the off-diagonal elements by (−1).
We generated 100 replicates for each cell of the design. An R script to conduct the simulation experiment is provided in the Supplementary Information.
Performance measures. To evaluate how well the different methods perform in distinguishing between true non-zero partial correlations and true zero ones, we compute the True Positive Rate (TPR) and False Positive Rate (FPR):
where TP is the number of true positives (true non-zero edges that are estimated as such), TN is the number of true negatives (true zero edges that are recognized as such), FP is the number of false positives (true zero edges that are estimated as non-zero) and FN is the number of false negatives (true non-zero edges that are estimated as zero). The TPR and FPR coefficients take values in the range [0, 1]. For the TPR a value of 0 indicates that the labeling of edges as non-zero is completely wrong, a value of 0.5 indicates that the procedure cannot do better than random prediction and a value of 1 indicates a perfect recovery of the non-zero edges. Similarly, a FPR value of 0 indicates a perfect recovery of the zero edges, a value of 0.5 indicates that the procedure cannot do better than random prediction and a value of 1 indicates that the labeling of edges as zero is completely wrong. We also report the average number of TP and FP values across the 100 replicates.
Results. Tables 1 to 3 show the average TPR and FPR scores for the different methods under consideration for the different choices of p. We also report the average number of TP and FP for the different methods in Tables 4 to  6 . First, we compare the performance of the methods without conducting PCS. The TPR and FPR scores depend strongly on the model used to generate the data and the values of n and p (i.e., amount of available information). In general, when comparing the performance of the different methods in controlling the amount of false non-zero partial correlations, we observe that for every combination of p and n, SPACE and NR perform better than Glasso.
The results for Glasso are affected by the penalty tuning approach: whereas using cross-validation tends to introduce a large number of false positives across all different conditions, applying EBIC yields many false negatives. For NR and SPACE, the results depend on n and p and the data generating model. For n = 100, the best overall though still rather bad performance for Models 1 and 4 is obtained with some of the NR-AND variants and for Models 2 and 3 with some of the SPACE variants. We also note that for Model 2 none of the state-of-the-art methods (excluding Ridge) is able to efficiently estimate the true number of positive edges. Furthermore, in the high-dimensional case (i.e., p > n) all approaches perform badly in controlling the amount of false positive edges. When n = 500, the TPR and FPR values are clearly better than for the low-sample size setting and indicate good overall performance. Turning to the results after applying PCS, we observe in Tables 1 to 6 that PCS-SPACE and PCS-NR estimate networks that contain a smaller number of false positive edges than the state-of-the-art methods without PCS. This improvement is larger for Models 1, 3 and 4 and when n = 100 and n < p, in that PCS is able to control the number of false positive edges without compromising the number of correctly estimated true edges. Furthermore, the performance differences between the different SPACE and NR variants have diminished. PCS-SPACE-BIC has the best overall performance across all the n = 100 conditions. For PCS-Glasso-EBIC the results cannot be improved by PCS, because Glasso-EBIC yields networks with a large number of false negatives. When n = 500, PCS performs almost perfectly in finding the non-zero edges in Models 1, 3 and 4, while for Model 2, the best overall performance is obtained with PCS-NR-OR-BIC when p = 20, 60 and with PCS-NR-OR-FSR when p = 200. Finally, we study how the sample size and the non-sparsity level influence the height of the estimated threshold in the PCS procedure. For Glasso, SPACE, NR using the AND rule and NR using the OR rule, we estimate a linear mixed effect model with a random intercept in which observations are clustered according to the tuning procedure (i.e., different CV variants, information criteria or finite sample results). The model includes the estimated thresholds as the dependent variable and the sample size and the non-sparsity level as predictors. The non-sparsity level is computed as the number of true non-zero partial correlations divided by the total number of edges in the network. For Ridge we estimate the same model using OLS regression. Table 7 shows the obtained regression coefficients for each estimation procedure. We observe that across the different estimation procedures there is a significant negative relation between the sample size and the estimated threshold value. Also, we found a significant negative relation between the non-sparsity level and the threshold value parameter for all methods except Glasso.
Simulation study based on real data. In this section we simulate data based on the sparse GGM results www.nature.com/scientificreports www.nature.com/scientificreports/ within-cluster connections between nightmares (B2) and flashbacks (B3), blame of self or others (D3) and negative trauma related emotions (D4), detachment (D6) and restricted affect (D7), and hypervigilance (E3) and exaggerated startle response (E4). On top of that, they also find many moderately positive connections within the symptom clusters: for instance, intrusive thoughts (B1) and nightmares (B2), avoidance thoughts (C1) and avoidance remainders (C2), irritability/anger (E1) and self-destructive behaviour (E2), but also between symptom clusters, for instance between loss of interest (D5) and difficulty in concentrating (E5). www.nature.com/scientificreports www.nature.com/scientificreports/ To compare the performance before and after using PCS, we drew n observations from a 20-variate Gaussian distribution with mean zero and partial correlation matrix Γ. We used two sample sizes n = {100, 500} and replicated the simulation 100 times. Table 8 shows the average TPR and FPR scores and Figs. 6 and 7 present heatmaps of the frequency with which the entries of the partial correlation matrix are detected as non-zero. We observe that Partial Correlation Screening (PCS) significantly outperforms Glasso, NR and SPACE. When n = 100, PCS-SPACE-BIC has the best performance in terms of the false positive rate, which is in line with the simulation results on synthetic data. For n = 500, all the estimation procedures using PCS show an average TPR higher than 0.999 and an average FPR below 0.020 (see Table 8 ).
Breast cancer data. GGMs have been widely applied to analyze gene expression data, since many authors hypothesize that the complex interactions between genes take the form of sparse pathways or networks [27] [28] [29] . More specifically, given mRNA levels of different patients, researchers have studied the conditional dependencies of genes for a variety of diseases 1 .
We estimate a sparse partial correlation network for gene expression data from a breast cancer study by West et al. 30 . The dataset contains 7, 129 genes sampled from 49 breast tumor tissues samples: 25 samples from patients diagnosed as estrogen receptor positive and 24 samples from patients diagnosed as estrogen receptor negative. In line with Sheridan et al. 31 , we focus on a subset of p = 150 genes related to the estrogen receptor gene ERS1. This gene acts as an estrogen-activated transcription factor and has a key role in the proliferation of cancerous cells 32 . Table 3 . Average true positive rate (TPR) and false positive rate (FPR) over 100 replications when p = 200. Note: Standard errors for TPR range from 0.000 to 0.037 and standard errors for FPR range from 0.000 to 0.002. Table 9 shows how many edges are obtained with the Glasso, NR, SPACE and Ridge techniques under consideration and how much these numbers of edges decrease by applying PCS. It can be concluded that the sparsity level varies considerably depending on the approach used. We observe that when the procedures yield dense networks (i.e. Ridge-CV, Glasso-CV1, Glasso-CV1-1se, Glasso-CV2, Glasso-CV2-1se and NR-OR-CV), applying PCS produces a larger reduction in the number of edges.
Given that the results vary considerably across the methods, the next question is how we should deal with this uncertainty when interpreting the networks. We opt to combine the results of the different estimation methods 33, 34 , by computing a network that includes all edges that occur in at least two of the nineteen obtained PCS networks. Note that if we apply this combination approach to the estimated PCS networks for the toy example (see Fig. 3 ), we would recover the true network. Figure 8 shows the resulting combined network for the breast cancer data. Figure 9 focuses on the sub-network of the genes that are related with the estrogen receptor gene ERS1 (Panel a) and the gene FOXA1 (Panel b). We can identify some important regularity interactions in the estimated GGM. As a first example, the ESR1 (ESR) gene is partially correlated with SLC39A6 (SLC). This gene functions as a zinc transporter and has been shown to be highly expressed in ESR1-positive tumours and is highly significantly associated with the spread of breast cancer to the lymph nodes 32 . As a second example, we can inspect the genes that belong to the neighborhood of FOXA1 (FOX). FOXA1 has been found to be predominantly expressed in luminal type A carcinomas 35 and may prevent metastatic progression of this type of breast cancer 36 . We observe an edge between FOXA1 (FOX) and AR (AR) (androgen receptor), which is in line with findings that indicate that AR regulates estrogen receptor expression 37 . psychopathological symptoms data. For a long time, modeling approaches to psychopathological data started from the assumption that psychopathological symptoms reflect an underlying mental disorder and thus are caused by this disorder 38 . This assumption has recently been challenged and an alternative hypothesis has been put forward stating that symptoms are causally active components of a mental disorder 39, 40 . Within this framework, network analysis is then used to study the conditional dependencies between a set of symptoms 41, 42 .
We studied the conditional dependencies of a set of 24 psychopathological symptoms in a sample of 184 patients (189 before patients with missing data were discarded) within the nonaffective psychotic spectrum, that participated in the second wave of the multicenter Genetic Risk and Outcome of Psychosis (GROUP) cohort study 43 . The symptoms are measured using the Brief Psychiatric Rating Scale (BPRS) 44 Because the data is measured on a Likert scale rather than on a continuous one, we apply the nonparanormal transformation proposed by Liu et al. 45 that uses the Gaussian copula to transform the data into normal scores. Table 9 shows the number of edges that result from applying the different methods under consideration. We observe that Ridge-CV, Glasso-CV1, NR-OR-CV and Glasso-BIC estimate the most dense networks and that applying PCS drastically reduces the amount of edges when the original network was not so sparse. Figure 10 shows the network computed by combining the different PCS networks and discarding edges all that occur only once. Cognitive models that study psychosis have postulated that some of the most prominent symptoms are delusional beliefs (grandiosity, suspiciousness, unusual thoughts) 46 . We indeed observe that there is strong positive relation between Unusual Thoughts (UnT) and Suspiciousness (Ssp) and between Emotional Withdrawal (EmW) and Blunted Affect (BlA). Also, there is a strong positive relation between Unusual Thoughts (UnT) and Grandiosity (Grn), Motor Retardation (MtR) and Elevated mood (ElM), Anxiety (Anx) and Depression (Dpr), Depression (Dpr) and Guilt (Glt), and Tension (Tns) and Distractibility (Dst). post-traumatic stress disorder symptoms data. Finally, we return to the PTSD data that we studied in Subsection: Simulation Study Based on Real Data. Table 9 shows the number of edges for each of the procedures. We observe a similar pattern as in the previous applications. Figure 11 displays the network that results from applying our combination approach to the PCS networks. This combined network recovers the conditional dependencies that Armour et al. 3 found to be strongly positive: nightmares (B2) and flashbacks (B3), blame of self or others (D3) and negative trauma related emotions (D4), detachment (D6) and restricted affect (D7), and hypervigilance (E3) and exaggerated startle response (E4).
Discussion
In this article, we have demonstrated through an extensive simulation study that the most popular procedures to estimate partial correlation networks, Glasso, SPACE, NR and Ridge, often do not yield the true underlying network, no matter which procedure is applied to select the regularization parameter. Results are heavily influenced by sample size and the number of variables (i.e., the lower the sample size and the higher the number of variables, the worse), with high-dimensional problems being especially difficult. We also note that the Glasso results heavily depend on which approach is used to tune the regularization parameter. Specifically, we found that in the high-dimensional setting, using the BIC or EBIC yields many false negatives and thus an overly sparse network.
Given that the state-of-the-art methods frequently cannot satisfactorily recover the true set of edges, we have presented a novel approach that allows to better control the false positive rate. This procedure boils down to performing an additional second step, after applying one or more state-of-the-art methods of choice. In this Scientific RepoRtS | (2019) 9:17759 | https://doi.org/10.1038/s41598-019-53795-x www.nature.com/scientificreports www.nature.com/scientificreports/ second step, we discard the partial correlation coefficients in the estimated network that are smaller in absolute value than a given threshold, which is obtained through cross-validation. Our novel procedure clearly improved the performance of the estimation methods and tuning approaches considered, especially in the settings where the state-of-the-art methods yielded bad results. Whereas PCS-SPACE-BIC seems to be the best choice for small sample size, which method is applied in the first step hardly matters when sample size increases.
We also applied all approaches to three real data sets. The results again show that our PCS approaches yield more sparse networks than the state-of-the art methods. To deal with the multitude of obtained networks, we proposed to compute a network that combines the different PCS estimates, but discard the edges that occurred in only one network. Although results seemed interpretable, future research should investigate further how to efficiently combine the different estimators or how to optimally select among the nineteen obtained networks.
In this paper we used standard simulation settings from the literature to demonstrate the problematic behaviour of existing approaches. It is important to mention that except for Glasso, none of the state-of-the-art procedures studied in this paper estimates a covariance matrix that is positive definite. Also, it is not guaranteed that this property still holds after applying the PCS to Glasso. In future research, it would be useful to investigate the behavior of the different approaches under more difficult settings as well as the theoretical properties of the PCS. This would lead to several possible extensions of our method. One extension targets data in which the assumption of multivariate www.nature.com/scientificreports www.nature.com/scientificreports/ normality is violated. Here, our approach can be easily extended to make use of techniques to estimate semiparametric undirected graphs 45, 47, 48 . We also note that in some applications, such as in psychology data or in the high dimensional setting, some variables might be highly linearly correlated. In this setting, the assumption regarding the regularity of the covariance matrix might not hold. A possible solution is to first cluster the strongly correlated variables and then take this cluster structure into account when estimating the GGM using the PCS approach 49, 50 .
Finally, it is important to note that imposing sparsity might be too stringent in some applications. For instance, in some cases researchers are also interested in detecting partial correlations that are very close to zero. Moreover, it can also happen that the true network is not so sparse to begin with. In such cases, using approaches based on  1 regularization may affect the validity of the results 51 . Therefore, we believe that future research should also focus on exploring how the methods proposed in this paper behave when the true underlying network is less sparse or includes some very weak edges.
Methods partial correlation estimation procedures.
In this subsection we present the technical details of the state-of-the-arts methods to estimate sparse partial correlation networks and the associated tuning methods for the regularization parameter. 24 proposed a penalized maximum likelihood approach to estimate the inverse of the covariance matrix Σ, denoted by Ω = [ω ij ]. If S denotes the sample covariance matrix, the problem is to minimize the following penalized log-likelihood function: where tr(⋅) denotes the trace of a matrix and λ 1 > 0 controls the size of the penalty. The penalty term is a proxy of the number of zeros in the precision matrix. The smaller the value of λ 1 , the more non-zero elements the model includes.
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Friedman, Hastie and Tibshirani 13 proposed an efficient algorithm to implement this method, which is called the Graphical lasso (Glasso). Afterwards, the partial correlation matrix can be computed using the known relation between the entries of the inverse of the covariance matrix and the partial correlation coefficients (see Lemma 1 in Peng et al. 12 ).
For the different applications we select the regularization parameter as follows. We generate a grid of 100 equidistant possible values for λ 1 ranging from 0.001 to |max(S)| when p < 100. When p ≥ 100 the sequence limits are (0.05,|max(S)|). We propose six approaches to select the optimal value from this grid. The first one is to implement n = 100 53 ). We denote this procedure Glasso-CV1. We split the sample in K subsets. Using all but the k-th subset, we estimate the precision matrix using Glasso and denote this matrix Ω , for different values of λ 1 . On the basis of the discarded k-th subset we estimate the sample covariance matrix, S k . Next, for each value of λ 1 we compute the following loss function:
We plot CV1(λ 1 ) versus λ 1 and we select the tuning parameter that minimizes the loss function CV1(λ 1 ). The second approach uses the one-standard-error-rule 20 . We denote this procedure Glasso-CV1-1se. Using the loss function in Eq. (6), we first compute the standard deviation of CV1 1 (λ 1 ), …, CV1 K (λ 1 ):
. sd( ) sd(CV1 ( ), , CV1 ( )) (7)
Next, we compute the standard error of CV1(λ 1 ):
Finally, given the tuning weight that minimizes the cross-validation error in Eq. (6), denoted by λ 1 , we choose the tuning weight that verifies the following rule:
The third approach implements K-fold cross-validation using the prediction errors of each node as performance measure. We denote this procedure Glasso-CV2. We split the sample in K subsets. Using all but the k-th subset, we estimate the precision matrix using Glasso and denote this matrix Ω , for different values of λ 1 . Next, for each value of λ 1 we compute the following loss function: We plot CV2(λ 1 ) versus λ 1 and we select the tuning parameter that minimizes the loss function CV2(λ 1 ). The fourth procedure selects the tuning weight by applying the one-standard-error-rule on the cross-validation procedure CV2. We denote this procedure Glasso-CV2-1se.
The fifth and sixth procedures to select the optimal regularization parameter from the 100 considered λ 1 values are based on the Bayesian Information Criterion (BIC) or the Extended Bayesian Information Criterion (EBIC). We refer to these procedures as Glasso-BIC and Glasso-EBIC, respectively. We select the value of λ 1 that minimizes the following loss function:
www.nature.com/scientificreports www.nature.com/scientificreports/ γ = 0, the Eq. (11) corresponds to the classical BIC. Positive values of γ lead to stronger penalization. To compute EBIC, we follow the recommendation of Chen and Chen 54 and Foygel and Drton 21 and set γ to 0.5 55, 56 .
Nodewise regression. Meinshausen and Bühlmann 11 proposed to estimate the set of network edges by performing p separate lasso regressions: Table 8 . Average true positive rate (TPR) and false positive rate (FPR) over 100 simulations based on the PTSD data. Note: Standard errors for TPR range from 0.000 to 0.029 and standard errors for FPR range from 0.000 to 0.028.
Scientific RepoRtS | (2019) 9:17759 | https://doi.org/10.1038/s41598-019-53795-x www.nature.com/scientificreports www.nature.com/scientificreports/ Alternatively, we can use the NR-OR method and compute the edge set with the OR-rule: estimate an edge between nodes i and j ⇔ β ij ≠ 0 or β ji ≠ 0.
Next, the partial correlation matrix can be computed using the relation between the prediction errors of the best linear predictor of each node and the partial correlation coefficients (see Lemma 1 in Peng et al. 12 ).
Figure 7.
Heatmaps of the frequency with which the edges for the PTSD data based simulations (n = 100) are set to zero by the different methods after applying PCS. White indicates that an edge was excluded from the network in all replications, whereas black reflects that the edge was always retained in the network. Table 9 . Estimated number of edges of the gene regulatory network for the breast cancer data, the symptom network of patients with a diagnosis within the nonaffective psychotic spectrum using the BPRS scale and the symptom network of patients with PTSD.
www.nature.com/scientificreports www.nature.com/scientificreports/ Given a grid of 100 equidistant values for λ 3 2 2 , there are four different procedures to calibrate the tuning parameter λ 3 . We first propose to perform K-fold cross-validation, yielding SPACE-CV. We first split the sample into K subsets and select the parameter value that minimizes the following loss function: The second procedure again adapts this cross-validation approach by using the one-standard-error-rule. We denote this procedure SPACE-CV-1se.
The third procedure to select the regularization parameter involves computing the Bayesian Information Criterion (BIC) for the 100 values of λ 3 . First, we compute for each node the residual sum of squares: ij V i j \{ , } , using one of the methods that we discussed in the previous subsection.
In the second step of the algorithm, we detect unimportant pairs of variables by thresholding the partial correlations estimated in the first step. For i ∈ V and a threshold parameter τ ∈ (0, 1), we estimate the neighborhood of node i as follows
The algorithm outputs the estimated set of edges for a given threshold τ:ρ
Finally, the prediction error of the regression of each node i conditioned on the variables that belong to the estimated neighborhood set A τ i, is given by
where θ τ i, is the vector of estimated regression coefficients of node i ∈ V given the variables in the estimated neighborhood set A τ i, .
Choice of the tuning parameter. To select the threshold parameter τ, we perform K-fold cross validation. We generate a sequence of 100 equidistant values for the threshold τ ranging from 0.0001 to 1. The procedure to select the threshold uses a double-loop. First, for each of the estimation procedures proposed in the previous subsection, we select the regularization parameter λ. Second, we split the sample in K subsets. Using all but the k-the subset, we estimate a sparse partial correlation network using the selected regularization parameter λ. Next, for each value of τ in the grid, we estimate the neighborhood of each node (see Eq. (20)) and the regression weights vector θ τ i, . For each value of τ we compute the following loss function: 
